Mining flow cytometry data by Van Gassen, Sofie et al.
Mining Flow Cytometry Data
Sofie Van Gassen Sofie.VanGassen@irc.vib-UGent.be
Celine Vens Celine.Vens@irc.vib-UGent.be
Tom Dhaene Tom.Dhaene@intec.ugent.be
Yvan Saeys Yvan.Saeys@irc.vib-UGent.be
VIB Inflammation Research Center and Department of Respiratory Medicine, Ghent University
Technologiepark 927, 9052 Gent, Belgium
Department of Information Technology (INTEC)-iMinds, Ghent University
Gaston Crommenlaan 8 (Bus 201), 9050 Gent, Belgium
Keywords: data mining, application, flow cytometry, clustering
We want to introduce flow cytometry data mining to
the Benelearn community. Flow cytometry (Herzen-
berg et al., 2006; Aghaeepour et al., 2013) allows to
quantify di↵erent cell populations in large numbers of
cells, by suspending the cells in a stream of fluid and
passing them through a laser beam, while measuring
the resulting fluorescent and scattered light. Flow cy-
tometry is applied both in clinical settings (in the di-
agnosis of health disorders) and in research settings.
For every input sample, 10,000 up to 1,000,000 cells
are measured, each described by 10 up to 20 features.
However, recent technological advances in flow cytom-
etry result in techniques that will be able to mea-
sure up to 100 dimensions. Standard practice is that
pathologists or researchers manually detect di↵erent
cell populations in the sample by iteratively identify-
ing regions of interest in two-dimensional scatter plots,
a process that is labor-intensive and subjective. In this
talk we will discuss challenges and opportunities for
automated analysis of flow cytometry data.
One of the first steps in the analysis of this type of
data is the use of clustering techniques to identify
populations of cells in an objective and reproducible
way. Important challenges for clustering these datasets
include: populations with di↵erent densities; popu-
lations that are not elliptic-shaped; rare populations
that can be easily confused with noise; hierarchical
populations that consist of several sub-types;... An-
other challenge is that cells can be in transition from
one population to another, and thus can belong to sev-
eral clusters at the same time. As individual patient
samples may consist of tens of thousands up to mil-
lions of cells, and clinical datasets often consist of hun-
dreds of patient samples, scalability is an important
aspect as well. Finally, since flow cytometry labs typi-
cally have large amounts of manually clustered samples
available, this information should be incorporated into
the clustering process, e.g. by using constraint-based
clustering or transfer learning techniques.
In addition, often other types of metadata, such as
clinical information, is available for the samples, in
addition to flow cytometry data. In this context, we
obtain a relational dataset of samples (patients), where
each sample is related to a large set of cells. The most
natural way for relational learning techniques to sum-
marize the set of cells is to aggregate over clusters of
cells of the same population. This involves learning a
similar clustering structure for every sample: patients
have the same cell types, although the numbers may
be highly a↵ected by a disease being present or not.
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